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Abstract—Smart interactions among the smart grid, aggrega-
tors and EVs can bring various benefits to all parties involved,
e.g., improved reliability and safety for the smart gird, increased
profits for the aggregators, as well as enhanced self benefit for EV
customers. This survey focus on viewing this smart interactions
from an algorithmic perspective. In particular, important domi-
nating factors for coordinated charging from three different per-
spectives are studied, in terms of smart grid oriented, aggregator
oriented and customer oriented smart charging. Firstly, for smart
grid oriented EV charging, we summarize various formulations
proposed for load flattening, frequency regulation and voltage
regulation, then explore the nature and substantial similarity
among them. Secondly, for aggregator oriented EV charging,
we categorize the algorithmic approaches proposed by research
works sharing this perspective as direct and indirect coordinated
control, and investigate these approaches in detail. Thirdly, for
customer oriented EV charging, based on a commonly shared
objective of reducing charging cost, we generalize different
formulations proposed by studied research works. Moreover,
various uncertainty issues, e.g., EV fleet uncertainty, electricity
price uncertainty, regulation demand uncertainty, etc., have been
discussed according to the three perspectives classified. At last, we
discuss challenging issues that are commonly confronted during
modeling the smart interactions, and outline some future research
topics in this exciting area.
Index Terms—Electric vehicles, smart grid, aggregator, com-
munication networks, load flattening, regulation, uncertainty.
I. INTRODUCTION
The popularity of electric vehicles (EVs) is rising. This
is attributed to the growing concerns about emissions, fossil
energy depletion and city noise [1], [2]. A large-scale EV
penetration has been envisioned in coming decades, e.g., the
number of EVs in the world would increase by 5 millions per
year by 2020 [3], while by 2014, 3.47% of the U.S. automotive
market is contributed by EVs [4].
The increasing adoption of EVs will also bring to power
grid challenging issues. For example, the loads from charging
an EV with a charging power of 19.2kW at 80A and 240V,
which is known as alternating current (AC) level 2 charg-
ing standard [5], can be almost twenty times of that from
supporting a typical North American home [6]. The impacts
of the significant EV charging loads will be even severer,
when the charging loads are aggregated yet not coordinated.
This can lead to issues including unbalance between EVs’
charging demand and the power grid’s power supply, more
power losses and larger voltage deviation, etc. At the same
time, with properly coordinated control strategies, EVs can
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Fig. 1. Interaction between EVs and the smart grid. Charging loads
from present EVs are aggregated by the aggregators, who represent the EV
customers to negotiate with the smart grid about auxiliary services prices
and electricity prices, and disseminate the charging control signals to EV
customers. For both the smart grid and aggregators, the design of control
strategies needs EVs’ real-time information to be collected and transmitted
to the smart grid and aggregators by road side units (RSUs) via vehicle-to-
vehicle and vehicle-to-RSU (V2R) communication.
help accelerate the realization of the smart grid, which has
been envisioned to integrate EVs, renewable generations and
distributed generations into the traditional power grid and
utilize real-time communication to perform intelligent control
strategies to coordinate bidirectional power flow [7].
To realize both the smart grid and the smart integration
of EVs, fundamental infrastructures needs an overall upgrade.
For example, both current power grid infrastructures and
EVs are not at a mature stage to handle bidirectional power
flow; communication infrastructures are under development
to adopt vehicular dedicated communication. Therefore, with
more developed fundamental infrastructures, smart interactions
can be realized based on real-time communication between
EVs and the smart grid, as well as via coordinated flow control
of the smart grid and intelligent control of EV charging.
Bidirectional power flow and bidirectional communication
constitute the foundation for the interaction between EVs and
the smart grid, as shown in Fig.1. The power flow between
the smart grid and EVs is through aggregators, who represent
EV charging facilities, including power networks substations,
charging stations and parking lots etc. Meanwhile, the real-
time information exchange between the smart grid and EVs
is through communication networks, within which the access
points are responsible for collecting vehicular information
and disseminating control information to EVs. The power
networks and communication networks together compose a
complicated network, which needs control strategies designed
to combinationally handle the interaction between EVs and
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2the smart grid.
There have been several surveys and reviews studying the
interaction between EVs and the smart grid. The potential
impacts on the grid from plug-in hybrid electric vehicles
(PHEVs), which is a special type of EVs, have been inves-
tigated in [8]. An overview of EVs and fundamental industrial
informatics infrastructures has been provided in [9]. Both
Richardson et al. [10] and Mwasilu et al. [11] have studied
EVs’ interaction with the smart grid with an emphasis on
the presence of integrated renewable energy. These existing
surveys mainly focus on investigating the impacts of EVs to
future infrastructures and the integration of renewable energy.
Our work instead focuses on intensive interaction between
the smart grid and EVs via aggregators. Smart interaction
between EVs and the smart grid is still in its infancy and more
research efforts are needed before the sought-after advantages,
e.g. improved reliability and safety for the smart gird, profits
for the aggregators, as well as self benefit for EV customers,
can be seen in widespread industrial practice. This article aims
to overview recent advances in this area. As many aspects of
this interaction have been covered by existing research works,
which mainly employ mathematical formulations to model this
interaction, we focus on viewing the smart interaction between
EVs and the smart grid from an algorithmic perspective. In
particular, important dominating factors for coordinated charg-
ing from three different perspectives are studied, in terms of
smart grid oriented, aggregator oriented and customer oriented
smart charging. We summarize their formulations and explore
the nature and substantial similarity among them. Furthermore,
we discuss challenging issues that are commonly confronted
during modeling the smart interaction, and outline some future
research topics in this exciting area.
The rest of this survey is organized as follows. Section.
II provides the background for EVs, rechargeable batteries,
the smart grid and communication networks. Section. III
to Section. V investigate research works about smart grid
oriented, aggregator oriented and customer oriented EV smart
charging, respectively. Section. VI discusses several essential
open issues and points out potential future research directions.
Section. VII concludes the survey.
II. BACKGROUND
In this section, we provide not only the background infor-
mation of the critical components (i.e., EVs, the smart grid,
aggregators and RSUs) of the architecture shown in Fig.1, but
also point out their unique properties in the power networks
and communication networks. These properties are crucial for
future potential researches to tackle more practical issues about
the interaction between EVs and the smart grid.
A. Electric Vehicles
Since the focus of this survey is to study the interaction
between EVs and the smart grid, plug-in EVs (PEVs, which is
capable of being charged by grid power) are mainly introduced
in this section. PEVs are referred as a superset of different
types of EVs with plug-in feature, including battery electric
vehicles (BEVs) and PHEVs.
1) Plug-in Electric Vehicles: Both BEVs and PHEVs use
electricity energy to drive electric motors that further provide
propulsion for EVs. The electricity is supplied by on-board
batteries, which in turn are charged either by the power grid
when plugged in, or on-board generators when regenerative
braking is enabled [12]. The main difference between a BEV
and a PHEV is that, a PHEV also uses fossil fuel and an
internal combustion engine (ICE) to extend its driving range.
These hybrid energy resources are utilized in either battery
charge-sustaining (CS) mode or battery charge-depleting (CD)
[12]. In CS mode, fossil fuel acts as the major energy source.
In CD mode, a PHEV’s operations depend on electricity
provided by batteries. When operating in CD mode, a PHEV
can substantially reduce gasoline consumption [13].
Using hybrid energy sources makes PHEVs more compet-
itive in both driving range and price than BEVs in current
market. For example, a Nissan Leaf uses a 24kWh battery
pack to support a 100-miles range. Similarly, a Mitsubishi i-
MiEV can achieve the same range by using 16 kWh battery
pack. Tesla Model S is capable of providing a much larger
driving range of 208/265 miles with a 60/85 kWh battery
pack. However, the prices of EV batteries are considerably
high, even though the average price of a lithium-ion (Li-
ion) battery pack has been estimated to confront a yearly
drop [14]. Therefore, a BEV with a longer range usually
implies a much higher price. In contrast, a PHEV can provide
an equivalent driving range as an internal combustion engine
vehicles (ICEVs), via using an ICE, an electric motor and
a small capacity battery pack (less than 1/4C-1/3 of that
equipped by a typical EV [15]). For example, a Ford Fusion
can support a maximal driving range of 550 miles. However,
in term of all-electricity range, a PHEV is fairly limited by
a small battery pack. For example, a Chevrolet Volt can only
cover 61 miles with a 17.1 kWh battery pack. Meanwhile, this
in turn leads to less time required for fully recharging a PHEV.
For example, it only takes 3 hours to fully recharge a Toyota
Prius even using AC level 1 charging standard [5]. Moreover, a
small capacity battery pack takes less payback time due to its
lower price. According to [16], an price of U.S. $0.10 per kWh
electricity is equivalent to the price of U.S. $0.70 per gallon
of gasoline. Further considering the government incentive, it
has been estimated that a payback time only takes nearly the
first quarter of the battery life.
2) Load Characteristics and Statistical Aspects of EV
Charging: It is actually the electricity carried by EVs that
can influence and also benefit the smart grid. To capture the
electricity usage pattern of EVs, two aspects of EV charging
characteristics need carefully investigation. Firstly, as EVs
moving across streets, districts and even cities, the electricity
is also carried along. Hence, the spatial characteristics of EVs’
mobility is inherited by the electricity stored in battery packs.
Secondly, since an EV may initiate or cease its charging
procedure randomly during a day, this randomness may exhibit
temporal patterns when viewed at a large number of EVs [17].
Accurate information of aforementioned aspects is crucial
for smart grid planning and charging service scheduling, in
order to establish more intelligent and efficient interaction
between EVs and the smart grid. However, these studies
3require extensive data processing of EV trips. Especially
when complex EV model is employed, infeasible computation
can be incurred. Therefore, these characteristics needs to be
investigated through statistical approaches [17], [18].
Spatial characteristics of EVs’ energy usage are related to
real world driving conditions, including physical conditions of
road segments, traffic congestion status and driving patterns,
etc. Among these, studies about EV driving pattern have
been more intensely developed. Two federal driving schedules
(i.e., Urban Dynamometer Driving Schedule and Highway
Fuel Economy Driving Schedule) have been widely used for
analyzing PHEVs’ driving pattern [19], [20]. However, these
models suffer from having limited duration and restricted
acceleration/deceleration rates [21], assuming constant elec-
tricity usage per hour per mile [22], and lacking considering
the influence of driving distances [17]. In [17], [22], [23], a
naturalistic driving cycles model generates significantly dif-
ferent instantaneous load compared with two aforementioned
schedules. Specially, [17] uses a naturalistic driving cycle to
study the distance distribution of a large number of EVs.
Temporal characteristics of EV charging include the initi-
ating and ceasing time of a charging process, and the energy
usage varying over time. Lee et al. propose a stochastic model
to explore the relation between the distribution of EV arrival
time and departure time in [17]. The distribution of arrival
time is modeled as a Gaussian distribution, conditioning on
the departure time distribution (chi-square distribution). This
approach captures departure and arrival time distribution via
using a small number of simulations, thus mitigating the
computational burden.
Despite the importance of exploring spatio-temporal char-
acteristics of EV charging, there are few real world data sets
available currently. To conquer this, a synthesized data set has
been developed in [24]. The authors combine real world taxi
trajectories with the features of four dominating PHEV brands
in the North American market to develop a data set which
contains spatio-temporal characteristics of EV charging load.
B. Properties of Rechargeable Batteries
As we have discussed the spatio-temporal characteristics
of EV charging in Section. II-A2, in this part, we focus on
the carrier of electricity, i.e., rechargeable batteries. Li-ion
batteries are prevalent in current EV market. This is because
Li-ion batteries have many excellent properties, e.g., high
energy density, slow self-discharge and less environmental
influence, etc. These properties also make Li-ion batteries
popular for many portable electronics. Charging a Li-ion
battery requires very delicate control of voltage and current
output of the charger. A large voltage and current fluctuation
may cause destructive damages to a Li-ion battery. Therefore,
problems about charging EV batteries play a critical role for
enabling the interaction between EVs and the smart grid, as
well as maintaining EV batteries’ lifespan.
In the subsequent part, several unique properties of
rechargeable batteries are pointed out. These properties are the
key insights for differentiating charging an EV from refuelling
a traditional ICEV, thus should be carefully studied.
1) Charging Power Controllability: Many research works
have been conducted through utilizing continuously control-
lable charging power to achieve objectives including flattening
loads [25]–[27], minimizing electricity cost [27]–[29], maxi-
mizing overall welfare [6], [30]–[34], etc.
Currently, EVs can be charged by AC level 1 (expected
power varies from 1.4kW to 1.9kW, charging time varies from
4 to 36 hours), AC level 2 (expected power varies from 4kW to
19.2kW, charging time varies from 1 to 6 hours) and DC fast
charging (expected power can be 50kW or 100kW, charging
time varies from 0.2 to 1 hour) three charging standards [5].
AC level 1 is commonly used by on-board charger without
the need for additional charging equipment installation. AC
level 2, however, requires installation for home charging and
public charging. Both AC level 1 and AC level 2 share
the same connector of SAE J1772 [13]. DC fast charging
is more suitable for fast charging need. The measurement
and estimation of these different levels of charging loads are
critical for an aggregator to achieve the economic goal while
maintaining the stability and reliability of the smart grid.
However, none of the three current popular charging stan-
dards are capable of providing continuously controllable
charging power [5]. Moreover, according to [12], charging
an EV’s battery packs requires very delicate control of the
supplied charging power. The injected DC voltage and current
must be well smoothed. Hence, without more advanced battery
technique, the charging power can only vary within a discrete
set of nearly constant values.
2) Battery Charging Rate: Another important aspect of
charging an EV is the nonlinearity between the charging
time spent and the state of charge (SOC) obtained, as shown
in Fig. 2. The time taken for completing the final part of
the charging (with higher SOC) is usually longer compared
with that for the initial stage (with lower SOC) [35], [36].
According to Fig. 2, typically during the last 1/3 of the
charging circle, the effective charging current I keeps dropping
as the battery cell open circuit voltage Vopen keeps increasing.
Thus the SOC increases nonlinearly along with more charging
time spent. However, when comes to discharge, the loss of
charge is linearly dependent on discharging time [37]. This
inconsistency between charging and discharging is critical to
differentiate EV charging tasks with different initial SOCs and
equivalent relative charging demand. It can also motivate EV
customers to pursue for more efficient charging schedules.
Unfortunately, this inconsistency between charging and dis-
charging has been rarely explored yet.
3) Battery Aging: While charging are usually modeled as
the product of electricity price and the amount of electricity
drawn, another type of cost due to battery aging is more
difficult to model. Fast battery aging will lower the payback of
an EV customer, since the cost of Li-ion batteries comprises
a significant percentage of today’s EVs’ prices. Therefore,
battery aging is an important factor that should be taken into
consideration when design coordinated charging.
Battery life is commonly regarded as the minimum between
Calendar Life and Cycle Life. The former is the elapsed
time before a battery becomes unusable. The latter is the
number of complete battery charge-discharge cycles before
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Fig. 2. Battery SOC obtained versus charging time spent of a Li-ion battery
[38]. The (typically) last 1/3 of the charging curve indicates that the available
battery SOC has a nonlinear dependence on the charging time spent [37].
its nominal capacity falls below certain threshold. The factor
mainly influences calendar life is the temperature of the
battery. While for cycle life, factors including usage pattern
of batteries, battery current and the cycle depth of each usage
contribute to the aging of cycle life [39]. All mentioned factors
lead to effects including loss of active mass, decomposition of
electrolyte and electrodes, etc. [40], [41], which further cause
capacity fade and internal resistance increase.
Capacity fade happens each time for a charge-discharge
cycle [39]. Therefore, the lifetime of a Li-ion battery will
be greatly shorten due to frequent charging and discharg-
ing, which is likely to happen when coordinated charging
is designed without considering battery aging factors. An
experiment result of [39] demonstrates that battery life can be
shortened due to additional cycling resulting from providing
auxiliary service (peak-shaving). Therefore, despite the thriv-
ing research development regarding utilizing EVs to provide
auxiliary services (frequency regulation, voltage regulation,
etc.), it is crucial to consider the resulting battery aging
effect. Many research works have taken battery aging into
consideration. For example, in [42], cyclic aging cost for a
half cycle has been considered when the profit of trading
energy in a vehicle-to-grid (V2G) market is optimized, while
in [41], the cost due to fraction of battery life depleted is co-
optimized. Moreover, it is also shown in [39] that battery life
can be extended if the depth of charging-discharging cycles is
reduced. This is because battery aging per cycle has nonlinear
dependency on the depth of each cycle.
Although there have been many research works targeting
on modeling battery aging [43]–[45], however, as stated in
[41], the highly dynamic situations under which batteries
operate rarely match the laboratory conditions used by bat-
teries manufactures, thus may lead to inaccurate estimation
of the battery aging. Moreover, to make the case even more
complex, different types of Li-ion batteries have different
aging characteristics, thus need different aging mechanisms
[40], [46]. Additionally, according to [39], battery aging is also
influenced by different operating scenarios, including different
daily driving cycles, different charging initiated time, charging
charging strategies, etc.
C. EVs Interacting with Smart Grid
The smart grid is a network of electrical components used
to supply, transmit and consume electric power. The smart
grid enables bidirectional flows of energy that leads to an
array of new functionalities and applications, with the aid
of coordinated control, EV aggregation, V2G realization and
two-way communication, etc. In the subsequent, we introduce
current practice regarding aforementioned aspects, which also
outlines future research directions.
1) Coordinated EV Charging: According to [47], EV
charging coordination is categorized into (1) centralized, (2)
hierarchical and (3) decentralized coordination. Centralized
coordination depicts a simple architecture, where the central
controller has direct control over all participated EVs. This
approach, however, is less practial due to the requirement
of accurate acquisition of EV status data and poor scalabil-
ity [48]. Additionally, current power market has no support
for direct control contract, as the minimum power capacity
threshold is considerably higher than that of an individual
EV [49]. While for decentralized coordination, EV customers
are assumed to have complete control over their EVs and
interact with the smart grid individually through price-based
mechanisms. Besides aforementioned limit of power capacity
threshold, this approach may also suffer from communication
overhead. Hierarchical coordination is regarded as a hybrid
paradigms of both centralized and decentralized coordination.
It commonly assumes the existence of an aggregator in a
price-based mechanism, which operates as the intermediate
between the smart grid and EV customers (as shown in Fig.
1). Hierarchical coordination is regarded as the most promising
option for near-term realization of EV coordinated charging by
both academia and industry.
By now, EV coordinated charging is more at a conceptual
level, its realization requires an interweaved practice of com-
munication standardization and the design of physical inter-
faces, contract frameworks as well as control algorithms. A
commonly assumed price-based coordination approach, time-
of-use (TOU, with low electricity price at off-peak hour and
high price at peak hour) has been studied by many research
works and implemented by many experiments [50], [51], as
well as utility companies (e.g., Illinois Power Company [52],
PG&G [53], Hydro One [54], ComEd [55], etc.).
2) EV Aggregation: As previously discussed, hierarchical
coordination is more promising compared with centralized and
decentralized coordination. To realize hierarchical coordina-
tion, a fundamental requirement is a proper EV aggregation
scheme. Actually, there have already been some practical
EV aggregation examples in some countries. For example,
MOBI.E (an industrial network in Portugal) [56], Better Place
(a company developing battery charging techniques) [57]
and the Western Danish power system [58] have utilized
aggregators to operate as the intermediate for energy trading,
without directly control the charging rates of participated
EVs. Meanwhile, more academia and industry practice of
aggregation management have been investigated in [59].
3) V2G Systems: Hierarchical coordination can be further
enhanced by providing bi-directional power flow between the
smart grid and EVs, referred to as V2G. While there have
5been intensive studies and experiments on V2G framework and
mechanism design [58], [60], [61], the practice of providing
prototype V2G-enabled vehicles in industry is also under rapid
development [62]–[64]. Especially, a PHEV charger system
which is capable of providing reactive power support to the
grid has been tested in [65]. The test result indicates that
EV customers can benefit from using EVs to provide voltage
regulation without causing severe degradation to the batteries
(which is severer for frequency regulation when frequent
charging and discharging is conducted). However, despite the
technical advancement has been achieved, social response to
V2G indicates high reluctance from EV customers to hand
over the control right of their EVs to third parties, despite the
economical attractiveness shown in [66], [67].
D. EVs Communication with the Smart Grid
Besides high-accuracy and time-synchronized measure-
ments of both power information and phase information of the
power networks [68], as well as coordinated control methods
previously introduced, the aggregators also need real-time,
high-precision and low-latency communication networks in or-
der to develop effective optimal electricity dispatch decisions.
Meanwhile, this communication networks is also essential for
further transmission of the dispatch decisions and real-time
prices back to both the generators and utilities, including mi-
crogrids, renewable generations, distributed generation, EVs,
etc.
1) Vehicular Ad-hoc Networks: To realize mobile real-
time information exchange, techniques like cellular and Wi-
Fi have been employed in many research works [69], [70].
However, none of these systems are exclusively designed
for vehicular data transmission. Therefore, with less suitable
communication methods, issues including inaccurate location
measurement, data collision (due to high density of vehicles)
and transmission failure (due to insufficient coverage) are
usually inevitable due to the high mobilities of vehicles.
The vehicular ad-hoc networks (VANETs) is dedicatedly
designed for vehicular information exchange [71]. VANETs
enables multi-hop alike communication among vehicles and
road-side units (RSUs), including short-range vehicle-to-
vehicle (V2V) and vehicle-to-RSU (V2R) communication.
Both the economic and time efficiency of vehicular informa-
tion collection can be improved by VANETs [72]. Moreover,
with proper deployment of RSUs, not only the real-time infor-
mation transmission range can be expanded, but also the real-
time transmission can be better protected from transmission
failure. Therefore, VANETs are promising to be adopted by
the fundamental communication networks to support the real-
time information exchange between EVs and the smart grid.
2) Communication Protocols and Standards: The infor-
mation exchange via V2V and V2R within VANETs can
be enabled by dedicated short range communication (DSRC)
protocol [73]. Based on DSRC protocol, vehicular information
can be transmitted from EVs to RSUs in a multi-hop manner.
The collected vehicular information can be further sent to the
smart grid through wired communication (e.g., optical fiber)
to lower the communication outage and delay. After receiving
the aggregated information, the smart grid disseminates the
control decisions to each EV through RSUs using DSRC.
Although VANETs combined with DSRC protocol can
greatly improve the accuracy, transmission range and trans-
mission reliability for vehicular information collection, com-
munication delay will inevitably compromise these benefits.
For example, delayed information collection may jeopardize
the stability of the smart grid, especially when the smart grid
is already operating near full capacity. Furthermore, a delayed
control information dissemination can lead to unexpected
driving cost. However, researches about evaluating the impacts
of the transmission delay on both the smart grid and EVs
remain valuable yet open.
Meanwhile, there are also many other communication pro-
tocols that have been intensively studied to be utilized in
vehicular communication networks. For example, U.S. Na-
tional Institute for Standards and Technology (NIST) have
recognized ZigBee and ZigBee Smart Energy Profile (SEP)
as the most suitable communication standards for smart grid
residential networks [74]. Meanwhile, RF mesh-based systems
have been widely adopted in North America. For example,
utility company PG&E has adopted RF mesh-based system
in their SmartMeter system [75]. There are also other utility
companies, e.g., National Grid (U.S. utility company) and
SPAusNet(Australian distribution company) select WiMAX
technology for building their dedicated wireless communica-
tion networks [75]. Another thread of research works concern-
ing wireless interference and congestion, due to the utilization
of the same frequency bands. Hence, cognitive radio technique
has been developed in [76]–[78] for spectrum sharing across
smart grid communication networks.
3) Communication Requirement for Smart Charging: To
enable smart grid, the communication requirement as well
as related communication techniques have been intensively
studied by several survey papers [75], [79], [80]. Therefore,
in the subsequent part, we mainly discuss the fundamental
communication requirements with respect to EV charging.
One promising communication hierarchy is depicted as the
smart grid communicates with aggregators, and an aggregator
communicates with EV customers (Section. II-C). In this
hierarchy, an EV being charged can generally be regarded
as a common electric appliance when the charging operation
is carried out at home environment. However, recall that the
charging power required for charging a single EV (Section. I)
is considerably large, EV charging needs more concerns from
the smart grid. The concerns further grow when many EVs are
aggregated by charging stations or utility companies (aggrega-
tors), from where the aggregated charging demand can bring
severe impact to the power grid if not coordinated properly.
Moreover, as EVs are expected to be capable of providing V2G
service, this makes EVs also function as distributed energy
sources which maintain a bidirectional power flow between
EVs and the smart grid. Additionally, an EV customer’s charg-
ing pattern is indicative of this customer’s mobility pattern,
since people are more likely to charge their EVs at home
when resting, or at charging station when driving to work.
Adding up all these concerns, EV charging raises more rigid
communication requirements for the communications between
6smart grid and aggregator, and the communications between
aggregators and EV customers.
Requirements for communications between smart grid
and aggregator: the information exchange between smart grid
and aggregators mainly serves for the purpose of maintaining
grid stability and safety. Therefore, the requirements are more
specified to this very purpose, thus including high reliability
,availability and quality-of-service (QoS) requirements. The
requirement of high reliability and availability is needless to
say, while the QoS requirements are required to measure the
impact of delay and outage to the aggregators, for whom
the main benefit originates from further providing reliable
services to EV customers. QoS support in smart grid com-
munication is still an open issue and have attracted a great
amount of research works developing QoS-based framework
and extended protocols [80], it is out of the scope of this
work to present detailed discussion of these solutions. Note
that the communications between aggregators and the smart
grid are in the order of typically 15 minutes [81], hence the
communication latency in case of when price information is
exchanged, is less critical.
Requirements for communications between aggregator
to EV customers: as aggregators collect and maintain the
charging demand from EV customers, these charging records
can reveal private mobility patterns of EV customers, hence
it is crucial to establish security mechanisms to provide au-
thorized access control and protect the integrity and confiden-
tiality of personal data. Meanwhile, besides the privacy threat
of unauthorized exposure of personal data, it is also crucial
to protect the smart grid from cyber attacks, since the smart
grid are greatly relied on communication networks, which has
been the target of various cyber attacks constantly. Two types
of cyber attacks recently draw the attention from academia,
i.e. load altering attack [82] and rate alteration attack [83].
Besides high security concern, the communications between
EV customers and aggregators usually involve information
exchange for monitoring, billing and authorization, etc., hence
the tolerable latencies are commonly in the scale of seconds
or even milliseconds [81]. Additionally, since the communi-
cations are established for end users to serve for their various
purpose, it is desirable for the communication being capable
of differentiating services provided.
III. SMART GRID ORIENTED EV SMART CHARGING
Severe unbalance between EVs’ charging demand and the
power networks’ power supply would occur if the interac-
tion between EVs and the smart grid is uncontrolled or
non-coordinated. For example, Maitra et al. [84] investigate
the impact of PHEVs on the local distribution system of
Hydro-Quebec. Their evaluation result indicates that there is
a positive linear dependence between the impacts and the
penetration levels of PHEVs. Moreover, uncontrolled loads can
increase the temperatures of the transformers thus shorten their
lifespan [85]. Other issues including larger voltage variance,
more power losses, lower energy efficiency, larger frequency
deviation and voltage deviation also jeopardize the stability
and reliability of the smart grid.
Smart Grid 
Oriented 
EV Charging
Load Flattening Direct Load Flattening
Cost Minimization
General Formulation for 
Load Flattening
Frequency Regulation
Voltage Regulation
Smart Grid Oriented 
Uncertainty
Load Uncertainty
Regulation Uncertainty
Fig. 3. Smart grid oriented EV charging.
However, if the interaction is intelligently controlled and
coordinated, a ‘valley-filling’ strategy can further mitigate
the unbalance between the supply and demand by shifting
large power demands to the valley of overall load profile. In
this way, balanced supply and demand of active power help
maintain stable gird frequency. Additionally, if the generation
and consumption of reactive power are also balanced, large
voltage deviation can be prevented. Furthermore, the trans-
former loss of life (due to increased transformer temperatures)
can also be compensated by better maintenance of transformer
bushings (due to more flattened loads) [86]. The realization of
these benefits can be attributed to both the time- and power-
dimensional flexibility of EV charging.
In this section, we mainly investigate research works aiming
at utilizing EV charging for (1) flattening charging load, (2)
providing frequency regulation service and (3) voltage regu-
lation service, as shown in Fig. 3. Most of these works stand
from a grid oriented perspective to coordinate EV charging.
A. Load Flattening
In the subsequent, we split coordinated control strategies
for realizing EV charging load flattening into (1) direct load
flattening and (2) indirect load flattening. In the first case,
the smart grid operator directly manages the charging loads
of EVs, in order to alleviate the unbalance between EVs’
charging demand and the power networks’ power supply. In
the second case, the smart grid operator concerns more about
reducing the cost (energy generation cost and consumption
cost) caused by EV charging. These problems are further
shown to be equivalent to issues including improving load
factor and reducing power losses. Then we present and analyse
a general formulation for load flattening problems. Finally, we
briefly address V2G problems with a minor modification of the
general formulation.
1) Direct Load Flattening: Many research works lever-
age optimization based approaches to flatten the EV charg-
ing loads. They are generally coincident about two most
common and critical assumptions: (1) the charging power
p(n, t) for nth EV at time t is continuously controllable;
and (2) they have perfect exogenous information S. The
first assumption has been discussed in Section II. For the
second assumption, exogenous information S consists of
(N(t), s(n)), where N(t) denotes the number of EVs being
charged at time t, s(n) is a set of specific features to
describe the charging demand from nth EV. Here we set
7s(n) =
{
E(n, 0), E(n, T ), Pmin(n, t), Pmax(n, t)
}
, where
E(n, 0), E(n, T ), Pmin(n, t) and Pmax(n, t) stand for the
initial stored energy, maximal requested energy at time T ,
minimal charging power and maximal charging power at time
t, respectively. These notations will be used throughout the
rest of this survey.
The research efforts falling into this category target at
employing optimization based approaches to flatten the load
fluctuation caused by uncertain EV charging demands, while
managing to fulfil these charging demands within a certain
time horizon. The common optimization objectives consist of
minimizing the aggregated loads, minimizing load variances,
minimizing energy costs for charging EVs, etc. A general
optimization problem for minimizing the aggregated loads
over a certain time horizon can be formulated as follow:
Case 1 : min
p
T∑
t=1
[
PB(t) +
N∑
i=1
p(n, t)
]2
, (1a)
s.t.
T∑
t=1
p(n, t)∆t ≤ E(n, T )− E(n, 0), (1b)
Pmin(n, t) ≤ p(n, t) ≤ Pmax(n, t), (1c)
n = 1, . . . , N, t = 1, . . . , T,
where ∆t is the time interval of a single time slot. PB(t) is the
base loads at tth time slot. In this formulation, the charging
power p(n, t) for each EV is continuously controllable within
a specified range as shown in (2c). Meanwhile, since the
exogenous information (i.e., future base loads PB(t), number
of EVs N and their homogeneous charging interval from t = 1
to T ) is assumed to be perfectly known in advance, an off-line
approach can be employed.
As show in (1a), there are coupled decision variables in the
objective, a decentralized approach can alleviate the compu-
tation burdens on the aggregators, while avoiding requiring
all exogenous information from all participating EVs. Gan et
al. solve this problem with gradient projection in [25]. It can
be seen that the objective is convex with respect to the ag-
gregated loads
∑N
i=1 p(n, t) from all participating EVs. Thus
there exists a global optimum value for the aggregated loads.
Since this optimal value of aggregated loads is comprised
of the combinations of individual load, multiple choices of
the combination is possible (i.e., the optimal solution set is a
equivalence class).
Ref. [25] has been further extended in [26], through re-
stricting the charging power p(n, t) to be non-continuously
controllable (i.e., p(n, t) for each EV n is fixed to p(n) once
initiated). The corresponding constraint is as follows:
p(n, t)=
{
p(n), if EVn is charged at time t,
0, otherwise. (2)
This optimization problem is more challenging since the
decision set is discrete. The decision variable is interpreted as
the start and resume time for charging an EV with its fixed
charging power. Furthermore, according to [26], frequently
interrupted EV charging can lead to battery degradation. Thus,
the objective is to design the optimal charging profiles for all
present EVs, i.e., to decide when to initiate charging. Once
initiated, the charging procedure cannot be interrupted. More
specifically, the aggregator has to deliver E(n, T ) − E(n, 0)
amount of energy to EV n within the whole time horizon.
In order to solve this problem, Gan et al. introduce a prob-
ability distribution for all potential feasible charging profiles
in [26]. This modification can relax the decision set from
discrete set to its convex hull. Thus, each EV can pick a
charging profile randomly according to a updated probability
distribution (obtained through solving optimization problems
in a decentralized manner) within each iteration. Then each
EV can generate a sequence of the random charging profiles
over the iterations. Consequently, the aggregated loads of
all EVs over all time slots is also a sequence of random
variables. This sequence of aggregated loads and the set of
aggregated charging profiles comprise a supermartingale pair,
which provides the guarantee of almost surely convergence
(following from martingale convergence theorem [87]).
Objective (1a) is not the only choice for load flattening
problems. A more intuitive approach is to directly minimize
the variance of loads. This more intuitive formulation of
load flattening problems has been widely employed by [88]–
[91]. Indeed, minimizing load variance has been proved to
be equivalent to (1a) in [25], [92]. A general formulation for
minimizing load variance can be written as
Case 2 : min
p
1
T
T∑
t=1
{ N∑
n=1
p(n, t) + PB(t)
− 1
T
T∑
τ=1
[
PB(τ) +
N∑
n=1
pˆ(n, τ)
]}2
,
s.t. Eqn. (1b), (1c),
(3)
where pˆ(n, τ) denotes future charging loads, which can be ob-
tained from prediction using historical data. This formulation
can be viewed as to minimize the deviation from the average
load (which is usually a constant). This is more intuitive as
the optimal load profiles are designed to be as flat as possible.
However, as shown in (3), future information (e.g., the base
load PB(τ), EV charging loads pˆ(n, τ), arrival and departure
time of each EV, etc.) is required. This is impractical when
future information is hard to retrieve. Additionally, the perfor-
mances of the corresponding algorithms are closely dependent
on the accuracy of the predictions of future information.
Instead of using offline approaches as in (1a) and (3), two
online heuristic approaches are separately proposed in [92],
[93]. Li et al. utilize instant information to make a ‘myopic’
decision at each time step, and implement the allocation only
for current step [92]. Gan et al. solve the optimization problem
formulated in [25] within each time step in [93] (the problem
in [25] is a convex problem and can be rapidly solved). The
variance of the loads is minimized within the rest of the time
horizon at each time slot, then the allocation of charging power
is implemented through a model predictive control (MPC)
approach. The authors further prove that the expected variance
of the aggregated load is linear proportional to the square of
the prediction precision.
82) Cost Minimization: Minimizing the overall cost (en-
ergy generation cost and consumption cost) is another strong
incentive for the aggregators to manipulate the schedule of
EV charging. In term of energy generation cost, a instant
generation cost curve has been provided in [94]. In term of
energy consumption cost, a linear function has been used [27]
to model the electricity price with instant load. Thus the overall
consumption cost is a quadratic function of an instant load.
The total energy cost can be modelled as a cost function C(·),
with the aggregated EV charging loads and base loads as input.
We first investigate a general formulation for generation cost
as follows:
Case 3 : min
p
T∑
t=1
C
(
N∑
n=1
p(n, t) + PB(t)
)
,
s.t. Eqn. (1b), (1c).
(4)
This formulation is employed by [28] to minimize the com-
bined cost of generation cost and tax charged due to generating
carbon dioxide emissions. The generation cost is modelled as a
piecewise linear function of produced power (similar to [94]).
The authors further use conditional constraints to transfer the
piece-wise linear function to a linear function, which can be
solved with standard linear programming methods.
In the case of reducing EV charging cost, the electricity
price model provided in [27] is utilized in [29]. A general
formulation of EV charging cost minimization is as follows:
Case 4 : min
p
T∑
t=1
{
α
[ N∑
n=1
p(n, t) + PB(t)
]
+ β
[ N∑
n=1
p(n, t) + PB(t)
]2}
,
s.t. 0≤ E(n, 0)+
t∑
τ=1
p(n, τ)∆t ≤ Emax(n),
n = 1, . . . , N, t = 1, . . . , T,
t∑
τ=1
p(n, τ)∆t ≥ E(n, T )− E(n, 0),
n = 1, . . . , N, t = 1, . . . , T,
Eqn. (1c),
(5)
where the first constraint is the instant energy constraint,
Emax(n) is the maximal battery capacity of EV n. The second
constraint guarantees the all EVs can be charged to their
predefined levels by the end of the time horizon. He et al.
[29] solve (5) via a MPC-like approach, avoiding the need for
a long term prediction of future information.
Mets et al. [91] compare the performance of global load
flattening and local load flattening approaches. While the
former is for a global aggregator to coordinate EV charging
loads, the latter is described as local facilities that are only
responsible for managing the loads within their own residential
areas. For both global load flattening and local load flattening
problems, (5) has been used with global- and local-scale of
aggregated information respectively. The evaluation result in
[91] demonstrates that, while both algorithms can effectively
flatten the loads, the global load flattening algorithm has better
performance.
3) A General Formulation for Load Flattening Problems:
Load variance is not the only feature of the smart grid that
will be impacted by integrating EVs. Other features including
load factor and power losses will also be influenced if unco-
ordinated EV charging is prevalent. It has been proved in [90]
that, given all the loads are connected to a single bus, prob-
lems of minimizing load variance, minimizing power losses
and maximizing load factor form a ‘triangle equivalence’.
Although the assumption is not practical, simulations in [90]
demonstrate a close approximation among these problems.
Additionally, the authors have proved that the equivalence
between minimizing load variance and maximizing load factor
is topology independent. Moreover, as all of these problems
are usually modelled as convex optimization problems, their
corresponding algorithms can be considerably less computa-
tionally expensive (compared with the algorithm for minimiz-
ing power losses). Therefore, an effective algorithm solving the
load flattening problem can not only approximately solve the
other two problems, but also be more efficient for minimizing
power losses problem especially.
To summarize optimization problems introduced in Case 1
to Case 4, a general formulation can be modelled as follows:
min
p
T∑
t=1
F
(
N∑
n=1
p(n, t), S
)
,
s.t. Eqn. (1b), (1c).
(6)
Various conditions can lead to different adaptions of (6).
First, F(· · · ) can be different objectives, including aggre-
gated loads, aggregated energy or aggregated charging cost.
Secondly, when considering the availability of exogenous
information, (1) if the predicted information is available and
sufficiently accurate, an off-line approach only require a one-
time computation; (2) if the exogenous information (e.g., the
mobility information and demanded energy for reaching the
destination of an EV) is difficult to predict, an online approach
can utilize real-time obtained information to solve the problem.
Thirdly, when given continuously controllable charging power,
problems (6) can be solved via classic optimization meth-
ods (e.g., linear programming, quadratic programming, etc.).
However, if the charging power is assumed to be fixed (and
even non-interrupted as in [26]), the decision space is discrete.
These problems can be coped via relaxation and approximation
methods. We summarize the critical assumptions and the
corresponding research works in Table. I.
As we have demonstrated in Section. II, the smart grid
interacts with EVs through bidirectional power flow. Until now
we have only focused on the power flow from the smart grid
to EV, investigating the influence on load variance, load factor
and power losses by EV integration. The other direction, often
referred to as V2G, depicts EVs providing auxiliary services
to the smart grid, including voltage regulation, frequency
regulation and spinning reserve etc.
Both directions of power flow can be managed through in-
telligent approaches as discussed in this section. For example,
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TYPICAL RESEARCH WORKS CATEGORIZED ACCORDING TO DIFFERENT CONDITIONS
Conditions Terms Articles
Objective
Aggregated Loads [25]–[27]
Load Variance
(Power Losses, Load Factor) [88], [90]–[93], [95]
Generation Cost [28]
Charging Cost [27], [29]
Charging Power
Controllability
Continuously Controllable [25], [27]–[29], [88], [90]–[93], [95]
Fixed [26]
Exogenous Information Predicted (Offline) [25], [26], [28], [88], [90], [91], [95]real-time Collected (Online) [29], [92], [93]
Solution Centralized [88], [90], [91], [95]Decentralized [25]–[29], [92], [93]
if we allow the minimum charging power Pmin(n, t) for EV n
to be negative, then the load flattening methods studied in this
section will evolve to peak shaving methods. More specifically,
each EV’s rechargeable battery packs can be regarded as a
distributed generator to reversely supply energy to the smart
grid. Thus, the peak load can be shaved by these distributed
rechargeable battery packs.
However, there is no doubt that V2G can induce many
more interesting and challenging problems, especially for
indirect control strategy design. This is because there are
revenue incentives for both EV customers and EV aggregators.
Meanwhile, the smart grid utilizes the revenue incentives
to establish a more intelligent, efficient and reliable power
system.
B. Frequency Regulation
There is another thread of research works handling the
imbalance between power generation and demand through
frequency regulation. Currently, it is generators, which is
capable of providing MW-scale power, that are commonly
utilized for frequency regulation [96]. However, as we have
previously discussed in both Section. II-C1 and Section. III-A,
uncoordinated EV charging can bring severe impact to the
balance of the smart grid. Fortunately, according to [97], PEVs
are capable of making rapid response to frequency changes,
thus regarded as suitable for providing frequency regulation
service. One major obstacle for bring this to reality is the
MW based minimum power capacity threshold [49], [96]. To
conquer this obstacle, research works [96], [98]–[100] have
depicted a scenario where an intermediate (referred to as an
aggregator) aggregates small-scale power from EVs to provide
frequency regulation service for the smart grid.
Frequency regulation and voltage regulation (discussed in
following Section. III-C) problems can be viewed as balancing
active power and reactive power respectively [99]. A coordina-
tion algorithm which jointly balances the supply and demand
of both active and reactive power between PEVs and the smart
grid has been developed in [99]. The authors first propose a
direct control approach, within which the central grid operator
has control over all participated EVs and accurate energy status
information. Then the central grid operator balance the active
power via minimizing the deviation of real active power of
each EV from the desired active power. This approach is
much similar to [88]–[91] (introduced in Section. III-A1),
falling into the centralized coordination category which has
rigid requirement as explained in Section. II-C1. Therefore,
the authors further propose a price-based hybrid coordination
algorithm which minimizes the cost of consuming active
power. This approach is similar to [28], [29], [91] (discussed
in Section. III-A2), except that [99] solves the optimization
problem for each individual EV.
Han et al. propose several critical considerations for de-
signing algorithms of EV-based frequency regulation in [96].
The authors first differentiate providing regulation service
and a normal charging operation from following aspect: (1)
the payment for providing frequency regulation is based on
the capacity of available power, while the expense for a
charging operation is based on the amount of actual power
dispatched. Then the authors further (2) restrict frequency
regulation operations from interrupting charging operations, in
that simultaneous charging and regulating may lead to serious
generation oscillations (refer [96] for detail explanations).
Based on these considerations, a frequency regulation problem
is formulated as follows:
min
C
T∑
t=1
[
PR(e(t), t)− C(t)PR(e(t), t)− C(t)PC(t)
]
− λ(e(T )− (E(T )− E(0)))2,
s.t. e(t+ 1) = PmaxC(t) + e(t), t = 1, . . . , T,
PR(e(t), t) = K(t)e(t) + b(t), t = 1, . . . , T,
(7)
where PR(e(t), t) and PC(t) are regulation price and charging
price respectively, and C(t) is the control sequence indicating
when to initiate and cease a charging operation. Hence,
PR(e(t), t)−C(t)PR(e(t), t) is the revenue earned by provid-
ing regulation service, while C(t)PC(t) is the charging cost.
λ(e(T ) − (E(T ) − E(0)))2 is the penalty due to unsatisfied
charging demand at deadline T . PR(e(t), t) is linearly depen-
dent on e(t), which is the state variable denoting the SOC
at time t, K(t) and b(t) are coefficients varying over time.
Note that an EV is charged by the maximal power Pmax once
charging is initiated. The optimal control sequence is obtained
by solving (7) with dynamic programming in [96].
Wu et al. depict a scenario where an aggregator possesses
backup batteries and coordinate EV charging through a game
theory approach [100]. As stated in [100], backup batteries are
intended to be rarely used, as frequent charging and discharg-
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ing can lead to battery depreciation. Therefore, the objective
is to minimize the usage of backup batteries within each time
slot, while satisfying the demanded regulation capacity:
min
Nc,Nd
|E(t) +R(t) +Nd(t)−Nc(t)− Eref |
s.t. Nd(t) +Nc(t) ≤ N, t = 1, . . . , T,
Nd(t) ≥ 0, Nc(t) ≥ 0, t = 1, . . . , T,
d(t) ∩ c(t) = Ø, t = 1, . . . , T,
(8)
where E(t) is the storage status of backup batteries, R(t) is the
energy capacity requested by frequency regulation, Eref is the
desired storage status that the aggregator intends to maintain.
d(t) and c(t) denote the sets of all present EVs that choose
to be discharged and charged respectively, Nd and Nc are the
numbers of EVs belonging to d(t) and c(t).
The aggregator is assumed to coordinate EV charging
operations by designing pricing policy for charging and dis-
charging. The best response to the proposed smart pricing
policy is a Nash Equilibrium, which maximizes the profits
of all participated EVs. Additionally, the authors prove that
the achieved Nash Equilibrium also solves (8).
Recall that the rigid requirements of a centralized coordi-
nation approach contain accurate signal acquisition. This is
less practical when reliable communication of measurement
data is not available or too expensive. Yang et al. tackle
this problem in [101], via proposing a distributed acquisition
approach (based on consensus filtering) for obtaining consis-
tent and accurate acquisition of frequency deviation signals
for all participated EVs. With acquired frequency deviation,
the authors propose a control theory based approach which
integrates a dynamic EV model with frequency regulation.
C. Voltage Regulation
As frequency regulation aims at balancing the supply and
demand of active power, voltage regulation is for maintaining
the balance of reactive power. Traditionally, the central grid
operator utilizes capacitors (e.g., switchable capacitors, shunt
capacitors, static var compensators) for reactive power com-
pensation [102]. Recently, EVs have been shown to be capable
of compensating reactive power via using their own on-board
AC/DV inverters [103]. Additionally, according to [65], EV
customers can benefit from using EVs to provide voltage
regulation without causing severe degradation to the batteries,
which is usually more significant for frequency regulation
when frequent charging and discharging is conducted. These
properties have attracted many research interest [99], [104]–
[106] of using EVs for realizing voltage regulation.
We first investigate [99] as in Section. III-B. In [99],
reactive power Q is treated similarly as active power P , i.e., a
direct control and a price-based control are proposed. In both
approaches, active power P and reactive power Q are coupled
together by following constraint:
P 2 +Q2 ≤ A2max, (9)
where Amax is the maximal allowable apparent power A =
V × I , which is the product of grid voltage V and charger
current I . (9) is commonly used in subsequent research works
investigated in the rest part of this section.
A hierachical voltage regulation strategy is proposed in
[105]. The authors first prove that the effect of tuning reactive
power is superior to that of tuning active power for voltage
regulation. Furthermore, the authors shows the superiority of
tuning reactive power at nodes nearer to the target node. Based
on this discovery, the proposed hierachical voltage regulation
strategy triggers PQ control (reduce active power P utilized for
charging from maximum level to generate reactive power Q
according to (9)) at nodes sequently according to the ascending
order of their distances to the target node, at which voltage
drop violation has been detected.
Another PQ control based voltage regulation algorithm is
proposed in [106]. The objective in [106] consists of two
parts: (1) a cost function C(P0) due to active power usage
(as introduced in Section. III-A2), where P0 denotes the total
active power drawn by the substation residing at the root of
a distribution network, and (2) a voltage regulation function
f(V) = max
i
|Vi − V0|, which indicates the maximum voltage
deviation among V = [V1, · · · , VNB ] from the reference
voltage V0 at the substation. V is a set consisting of voltage
Vi at bus i = 1, . . . , NB . The objective is shown as follow:
min
Nc,Nd
C(P0) + f(V)
s.t. Ii = TI(Pi, Qi, Vi)
Pi = TP (Pi−1, PBi , Ii, ri)
Qi = TQ(Qi−1, QBi , Ii, xi)
Vi = TV (Pi−1, Qi−1, Vi−1, Ii, ri, xi)
En,i,Tn,i−En,i,t≤ pn,i∆t + (Tn,i−t)an,i∆t
p2n,i + q
2
n,i ≤ a2n,i
0 ≤ P0 ≤ Pmax,
n = 1, . . . , N i, i = 1, . . . , NB ,
(10)
where TI(·), TP (·), TQ(·) and TV (·) are current, line active
power flow, line reactive power flow and voltage transition
functions for all buses, obtained by referring to the DistFlow
model [102]. Pi, Qi, PBi , Q
B
i , Vi, Ii, ri and xi are the active
power flow, reactive power flow, consumed active power,
consumed reactive power, voltage, current, line resistance and
reactance of bus i. The fifth constraint guarantees that EV
n residing at bus i can be charged up to the desired level
En,i,Tn,i with active power pn,i by the charging dead line
Tn,i, while not violating the maximal allowable apparent
power an,i. N i and NB denotes the number of EVs charged
at bus i and the total number of buses. Problem (10) is
further relaxed to a convex optimization problem in [106],
by converting Ii = TI(Pi, Qi, Vi) from an equality constraint
to an inequality constraint Ii ≥ TI(Pi, Qi, Vi).
Wu et al. study voltage regulation problem when EVs
charging stations are co-located with wind distributed gen-
eration units in [104]. Since wind turbines consume reactive
power, the authors propose to utilize EVs and capacitors to
compensate reactive power thus stabilizing the voltage. The
problem is modeled as a Stackelberg game, which is solved
via backward induction. The authors first obtain the Nash
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equilibrium in the second stage, given the pricing policy
and demanded reactive power set by the wind distributed
generation unit. This subgame perfect equilibrium guarantees
that all EVs achieve the maximal profit. Then in the first stage,
the payoff for the wind generation unit is maximized by tuning
the aforementioned parameters passed to the second stage,
which in turn help set the Nash equilibrium to the optimal
value for the unit. Their optimal result leads to a case where
all EVs provide the same amount of reactive power, which is
either the extreme amount of reactive power that an EV can
provide or consume, or the total compensation difference (the
difference between demanded reactive power and the reactive
power provided by capacitors) averaged by all EVs.
D. Smart Grid Oriented Uncertainty
Despite that most research works investigated in this section
have rarely mentioned the case when exterior future informa-
tion is not available, there do exist uncertain factors when
developing coordination control algorithm for the smart grid
operator. The main uncertainty for the smart grid operator
originates from (1) load uncertainty and (2) regulation uncer-
tainty. Both uncertainty factors are actually inherited from the
same mobility uncertainty of an EV fleet, which consists of
various arrival time and departing time, as well as the various
storage status of EVs when arrived for charging. However, for
the former, this mobility uncertainty leads to load uncertainty
when EVs mainly draw energy from the smart grid. While for
the latter, this uncertainty leads to regulation uncertainty when
EVs provide regulation service to the smart grid.
Handling load uncertainty is essential for load flattening. For
example, to minimize load variance or deviation, information
about future load is necessary. According to [88]–[91], [93],
the most common approach is to assume the availability of the
forecast of future load, which can be obtained through learning
historical data. On the other hand, regulation uncertainty has
been considered in [98], which is an expansion to [96] (intro-
duced in Section. III-B). In [98], EVs are categorized by their
plug-in probabilities and capacities. EVs falling into the same
category are modeled with a normal distribution, of which the
mean and variance parameters vary from category to category.
Since each category is modeled by a normal distribution, the
summation of random variables of all categories still forms a
normal distribution. Hence, the probability distribution of the
available power capacity can be obtained, and further used for
optimizing the profit of an aggregator.
IV. AGGREGATOR ORIENTED EV SMART CHARGING
In the previous section, even though many works employ
decentralized methods, there still exists a centralized con-
troller to update and publish intermediate information to all
present EVs. This centralized aggregator can be regarded as
the representative for the smart grid. However, as discussed
in [91], the global control can be further broken down to
multiple local aggregators, which manage loads within their
local areas. These local aggregators can be regarded as the
representative for local public facilities including substations,
charging stations, parking lots and residential area.
Aggregator 
Oriented 
EV Charging
Direct Control
Utility Optimization
Cost Optimization
Indirect Control
Aggregator Oriented 
Uncertainty
EV Fleet Uncertainty
Electricity Price 
Uncertainty
Regulation Price 
Uncertainty
Regulation Demand 
Uncertainty
Distribution Generation 
Uncertainty
Fig. 4. Aggregator oriented EV charging.
The aggregators bridge the power flow between the smart
grid and EV customers. More specifically, an aggregator can
be responsible for maintaining a stable and reliable power
system, while being responsible for satisfying EV customers’
charging demand. However, an aggregator has motivations
of either saving the operation cost or earning more profits,
therefore cannot be narrowed down to altruism. In this section,
we investigate how the aggregators pursue multiple goals in-
cluding providing services to the smart grid and EV customers
and manage their own profits. The smart interactions among
all three involved parties helps make the future power system
smart. Since we have investigated the part that the aggregator
is solely responsible for the smart grid, here we focus on the
interaction between the aggregator and EV customers.
In Section III, the service provided to an EV customer by an
aggregator is a full charge guarantee at the charging deadline.
However, in more practical situations, when an EV charging
demand happens in a time limited situation, the satisfaction of
a customer also includes how fast is the charging completed.
Therefore, instant gain (e.g., instant charging power or instant
SOC gain) is more desirable in these cases. Many research
works have been conducted to maximize the overall satisfac-
tions of all present EV customers. As discussed in Section
III, the coordinated control can be either direct or indirect.
Both control approaches will be investigated in this section,
as shown in Fig. 4.
A. Direct Coordinated Control
EV charging problems can be studied in several ways
through an algorithmic perspective. For example, an analogy
between the distribution network with the Internet is proposed
in [30]. The authors propose an algorithm similar to that used
to cope with a distributed computation system [107]. Another
thread of researches have regarded EVs charging problems as
real-time resource scheduling problems [108]–[111]. In these
cases, each EV charging task is identified by their arrival time,
deadline and processing time.
1) Utility Optimization: Research works falling into this
category mainly focus on maximizing the overall welfare of
EV customers. The overall welfare considered by an aggrega-
tor is interpreted as the aggregated satisfactions (utilities) of
all EV customers. One model of the utility of an EV customer
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is a function of assigned instant charging power p(n) [6]:
Case 1 : max
p
N∑
n=1
log(p(n)), (11a)
s.t.
Nl∑
n=1
p(n) ≤ P (l), l = 1, . . . , L, (11b)
Pmin(n) ≤ p(n) ≤ Pmax(n), (11c)
n = 1, . . . , N,
where l = 1, . . . L denotes the distribution line and transformer
where EV charging demands are aggregated. P (l) is the
capacity limit of the distribution line or transformer l.
The authors describe a future power grid distribution sys-
tem equipped with measurement communication and control
(MCC) nodes, which are capable of measuring and communi-
cating in real-time. Thus, real-time information of available
capacity of the distribution system and EVs’ SOC can be
utilized to obtain optimal real-time charging power allocation
decisions.
Since (8) is a convex optimization problem, with constraints
including coupled decision variables, it can be decomposed
into a master problem and multiple subproblems. These prob-
lems are calculated by MCC nodes and EV smart chargers
respectively. The MCC nodes communicate with all partici-
pating EVs simultaneously through broadcasting intermediate
values to all present EVs. Then all EV adjusts the charging
power immediately and simultaneously.
The utility function for an EV customer is a logarith-
mic function of assigned charging power p(n). The choice
of logarithmic function ensures that the optimal result also
achieves proportional fairness. Since an EV customer’ utility
for the charging service is no longer a full charge guarantee at
deadline for time limited cases, an online approach is needed
to maximize the instant overall welfare. As the work in [6] is
for a static scenario for one snap shot of the system, this can
be further expanded to a dynamic scenario [31]. This extension
is possible due to that the distributed power system is updated
every milliseconds, much faster than real world events (e.g.,
EVs arrival and departure and the variation of base load).
Therefore, each snap shot of this dynamic scenario can be
viewed as static.
2) Cost Optimization: Another interpretation of individual
welfare as the utility less the charging cost incurred is provided
in [33]. The formulation is as follows:
Case 2 : max
p
N∑
n=1
wn(t)SOC
t+1
n (p(n, t))
− Ct+1n (p(n, t)),
s.t.
N∑
n=1
p(n, t) ≤ Pmax,t,
Eqn. (11c),
(12)
where wn(t) is a positive coefficient to differentiate different
EV customers. The SOC level for EV n at next time slot
is denoted by SOCt+1n (· · · ), which is a function of current
charging power p(n, t). Ct+1n (· · · ) is a linear cost function
for p(n, t). Since there is also coupled decision variables
in the constraints, a decentralized solution can alleviate the
computation burdens on the aggregator, while leading to a
more robust and scalable problem. Therefore, Rahbari-Asr
et al. employ an consensus algorithm in [33] to solve this
problem in a fully distributed way. The authors assume all
EVs can coordinate with their neighbours via peer-to-peer
communication. Furthermore, only next time slot SOC level is
used as the gauge to evaluate an EV customer’s utility in [34].
The original objective of (12) is approximated as a convex
function for simplicity and solved with a consensus algorithm.
Real-time allocating charging power to multiple EVs can be
viewed as real-time resource scheduling problem. Therefore,
many classic real-time scheduling methods can be employed
to solve EV charging power allocation problem. More specifi-
cally, the problem is to decide in real-time: (1) which charging
task is to be admitted and (2) the charging schedule of
each charging demand. An admission control with greedy
scheduling (TAGS) algorithm has been developed in [108],
[109], [112]. The authors combines an admission control
strategy with earliest deadline first (EDF) algorithm. The
admission decision is made by comparing the potential profits
of admitting upcoming EVs with potential profits resulting
from declining the requests. Once admitted, the scheduling is
implemented in an EDF manner.
Subramanian et al. propose three heuristic real-time schedul-
ing algorithms to tackle EV charging power allocation problem
with renewable energy integrated in [111]. The authors provide
two heuristic algorithms based on EDF and least laxity first
(LLF) real-time scheduling algorithms. The third algorithm
employs a MPC approach using the forecast of future renew-
able generation.
B. Indirect Coordinated Control
In this part, we investigate research works using indirect
control approaches for EV charging coordination. An indirect
approach usually requires an aggregator to set a service price
or revenue to attract EV customers to arrive. Meanwhile,
the aggregator can earn revenue from the smart grid for
completing the committed services, or pay penalty for the
opposite case. For example, an aggregator can motivate EV
customers to sell excess energy during peak hours in [113],
[114]. The latter case is usually envisioned in a mature V2G
market, where EVs are capable of providing auxiliary services
to the smart grid [99], [100], [104], [115], [116] (several
research works [99], [100], [104] which propose price-based
approaches for frequency regulation and voltage regulation
have been investigated in Section. III-B and Section. III-C,
hence they are omitted in this part).
There exists a trade-off between the service prices for
EV customers and potential profits for the aggregators. For
example, a much too high price can drive EV customers away,
which would lead to less revenue earned from serving the
customers. However, this can be necessary when the electricity
price or loads are at peak. On the other hand, if the price is
too low, although more customers would be attracted, there is
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Fig. 5. Customer oriented EV charging.
a higher chance for this aggregator to overload the smart grid
thus get penalized. Therefore, this trade-off between charging
services price and potential revenues of the aggregator needs
to be tuned to achieve the maximal profits.
C. Aggregator Oriented Uncertainty
An aggregator may confront many uncertainty factors when
coordinating EV charging operations to support the smart gird.
The uncertainty has its sources from EV customers, the smart
grid, as well as distributed generation units if possessed by
the aggregator. To summarize, when developing coordination
control methods, following uncertainty factors need to be
considered for improving the effectiveness:
1) EV fleet uncertainty (e.g., arriving time, departing time,
energy status by arrival and actual power drawn);
2) Electricity price uncertainty (e.g. spot market price);
3) Regulation demand uncertainty (e.g., the amount of
demanded capacity and regulation directions, i.e., reg-
ulation up and down);
4) Regulation price uncertainty;
5) Distribution generation uncertainty (e.g., power output
of renewable generation units).
These uncertainty factors have been partially tackled with
in several research works [18], [111], [117]. EV fleet un-
certainty has been considered in [18]. In [18], the authors
assume that behaviors of an EV fleet can be forecasted, since
the statistical daily/weekyly commuting patterns of an EV
fleet can be discovered by learning historical data. Similarly,
information of both electricity price and regulation price are
obtained via using a deterministic forecast in [18], [117]. [18]
also considers regulation demand uncertainty, the estimate
of regulation demand is obtained by statistically analysing
historical data. Both [117] and [18] employ a two-stage
stochastic programming approach to solve the profit maxi-
mization problem [117] (cost minimization problem [18]) for
an aggregator. Additionally, a conditional-value-at-risk [118]
term is appended in the objective of [18], in order to implement
risk control. Distribution generation uncertainty is dealt with
by utilizing deterministic forecast in [111], [117].
V. CUSTOMER ORIENTED EV SMART CHARGING
We have investigated the cases in which an aggregator
directly or indirectly control the charging for all EV customers
in Section IV. However, a customer’s top interest may not be
to follow the control from the smart grid and satisfies the
needs of the smart grid or the aggregator [67]. Indeed, blindly
following the requirement from the aggregator may not lead
to the most beneficial result for an EV owner. For example,
in a case of overnight charging, although an EV customer can
have the EV fully charged, the charging profile designed by
the aggregator may lead to more payment when the charging
services prices are varying in real-time.
In this section, we focus on the perspective of an EV
customer, who can earn benefits by practicing smart charging
methods, as shown in Fig. 5. An ubiquitous smart charging
management must respect an EV customer’s freedom to min-
imize the charging cost. To achieve this objective, an EV
owner needs future information including real-time service
prices, regulation signals and regulation prices (if this EV
customer participates in providing regulation services for the
smart grid), daily driving cycle and demanded energy to reach
each intermediate points or the destination. The exogenous
information can be obtained via prediction. However, when
some information (e.g., regulation signals and real-time prices)
is difficult to predict, an EV customer would confront a case
of minimizing the expected charging cost within a specified
time horizon.
A. Individual Charging Cost Reduction
Research works falling into this category aim at minimizing
the overall charging cost for an EV owner within a time hori-
zon, while fulfilling the energy requests for arriving multiple
intermediate stops and destination.
Iversen et al. [119] minimize the combinational cost due
to both an EV customer’s charging cost and the penalty of
maintaining less sufficient energy to reach each intermediate
stops. The authors model this problem as a stochastic pro-
gramming problem. In this problem, the states are assumed to
be random and the decision space is continuous. Additionally,
the size of the decision space grows exponentially as more
time steps are considered. However, to obtain a more accurate
prediction of future information, a small time interval between
each time step is desirable. The number of time steps can
be even larger since a daily driving cycle is considered.
Therefore, an exact solution to previous problem is hard to
achieve. Iversen et al. [119] discretize the state and decision
space. This transforms the original problem into a discrete
stochastic dynamic programming problem, which is solved
through backward induction.
A similar model of individual EV customer’s cost minimiza-
tion problem is proposed in [120]. The objective in [120] is
to minimize the charging cost for a PHEV during night time,
with the guarantee of having the PHEV fully charged at the
end of the horizon. The authors also assume that a PHEV
owner can earn revenue by providing regulation service for
the smart grid through an aggregator. Exogenous information
including electricity price forward curves, regulation up and
down curves, and energy required by the driving cycle is
assumed to be available. Thus, this problem is formulated as a
classical dynamic programming problem. Donadee et al. [121]
further expand [120] by integrating stochastic information
(hourly electricity prices, the hourly regulation service prices
and hourly regulation signals) and formulate the problem as
a stochastic dynamic programming problem. Similar to [119],
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this problem also suffers from randomness of the energy state
space and continuousness of the decision space, thus need
discretization of energy state space.
To summarize, a general formulation of the individual
charging cost reduction problem is as follows:
min
p
E
(
T∑
t=1
U(p(t),S(t))
)
,
s.t.
T∑
t=1
p(t)∆t ≤ E(T )− E(0),
Pmin(t) ≤ p(t) ≤ Pmax(t), t = 1, . . . , T,
S(t) ∼ Tt(S(t− 1)), t = 1, . . . , T,
(13)
where the bold S(t) denotes the set of random exogenous
information, and Tt(· · · ) is a state transition function for cases
involving a random process. This problem is usually dealt with
discretization due to previous analysis of the problem size.
Smart scheduling for individual EV customers’ charging
cost reduction have been rarely studied. This problem would
be more prevalent as the penetration of EVs increases, thus
need to be further explored. Especially when considering the
nonlinear relation between charging time spent and the SOC
obtained (Section. II), a smart scheduling for individual EV
customers can provide charging schedules that have not only
optimal charging cost, but also optimal charging time.
B. Customer Oriented Uncertainty
Since an EV customer mainly interacts with an aggregator
(which help bridge the interaction between this EV customer
and the smart grid), this EV customer confronts less types of
uncertainty. The main uncertainty studied by research works
[119], [121]–[123] includes (1) EV mobility uncertainty, (2)
electricity price uncertainty, (3) regulation price uncertainty
and (4) regulation demand uncertainty. EV mobility uncer-
tainty is mainly investigated in [119], [123]. Iversen et al.
model an EV’s driving pattern with a standard Markov model
in [119]. While in [123], the authors propose a real-time
algorithm to minimize the expected charging cost given the
conditional probability of departing time. Three other types of
uncertainty are also modeled as a Markov random processes
in [121] (introduced in Section. V-A). In [122], electricity
price and regulation price are assumed to be unknown. The
authors use a Markov chain to model the uncertain prices, and
solve a Markov decision process problem which maximizes
the profit of an EV customer, who can profit by choosing
differet actions (charging, discharging and providing frequency
regulation service). The authors further utilize an online Q-
learning algorithm to learn the transition probabilities of
electricity price and regulation price.
VI. FUTURE WORK
Many research efforts about EV charging have been de-
veloped based on assumptions listed in Table. I. While these
assumptions can leave the problems well modelled and easily
solved, they have also pointed out future research directions
to reconsider these assumptions and solve more practical EV
charging problems.
(1) Charging concerns due to battery properties: We have
investigated many research works based on the assumption
that battery SOC linearly depends on the charging time spent,
given a constant charging power. However, as discussed in
Section. II, the relationship between SOC and charging time
is actually nonlinear. This overlook can lead to two folds of
issues:
• Both the lifespan and available capacity of a battery pack
can be shorten and degraded respectively, due to a long
time of having the battery pack recharged and maintained
near its full capacity.
• Using a linear model for battery charging can incur
extra charging cost and charging time spent for an EV
customer, since the charging rate of a battery with higher
SOC is slower than that of a battery with lower SOC. This
problem can be severer when an EV customer needs to
arrive at multiple intermediate stops and charge multiple
times. Therefore, how to design a schedule for an EV
customer to fulfil the daily driving cycle while spending
minimal charging time or minimal cost is meaningful yet
still unsolved.
(2) EV charging pattern estimate: Most of the research
works investigated in this survey either assume the charging
patterns of EVs (including when and how to charge EVs) are
known a priori, or select distribution models (e.g. Gaussian
distribution [17]). However, it is fundamental and crucial for
an aggregator or ISO to have an effective and accurate estimate
or forecast of the charging patterns of EVs. A potential
solution can combine both statistic analysis and real-time
feedback, which can be enabled by real-time EVs mobility
data exchange between EVs and the smart grid.
(3) Develop more intelligent EV scheduling: From an in-
dividual EV customer’s perspective, an intelligent integration
of EVs includes not only smart scheduling of individual EV
charging, following aspects also need attentions from both
industry and academia:
• Range estimation, which is critical for an EV customer
who suffers from range anxiety.
• EV smart routing for discovering minimum energy con-
sumed or minimum time needed, and exploring the trade-
off between these two goals.
• For an EV with hybrid energy sources (e.g. PHEV), it
is rarely explored for the problem of finding a optimal
strategy combining both EV routing and power splitting
strategy, to further achieve a higher efficiency for both
travelling time and consumed energy.
(4) Communication requirements: The communication net-
works is the essential foundation for realizing effective and
efficient interactions among involved parties in the smart grid.
According to [124], the communication networks has require-
ments for communication latency, bandwidth and reliability
as 10-100 kbps, 2-5 seconds and 99%-99.99% respectively.
However, these requirements have not been comprehensively
investigated, and will be more challenging to meet as the
population of EVs increases in the future. Especially, severe
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communication delay can incur undesirable consequences for
both EV customers and the smart grid:
• Communication delay can lead to incorrect routing and
scheduling designs for EVs. For example, [71] has shown
that the communication delay can result in extra energy
cost as well as travelling time spent.
• Communication delay can cause instability or even inse-
curity of the smart grid, as more and more research works
considering implementing V2G to provide regulation
service. For example, the smart grid can be overload
if the system transformers or substations are already
operating with their full capacities. To tackle this impact
caused by communication delay, many well developed
research methods regarding networked control system can
be employed and even advanced.
(5) Communication security issues: Since both measurement
data of EVs and coordination command from the smart grid
are transmitted by the communication networks, following
communication security issues also impose new threats on the
smart interaction between EVs and the smart grid:
• Two-way communication between EVs and the smart grid
will cause EV customers to transmit their private infor-
mation (e.g. their locations, driving patterns, charging
patterns and charging status, etc.) to third parties. Privacy
leakage can be arisen if this information is exposed to
unauthorized third parties.
• One most common prerequisite for realizing coordinated
EV charging is to grant the smart grid operator, or an
aggregator, the ability to control EV charging operations.
Therefore, EV charging need to be well protected from
being manipulated by unauthorized third parties.
• Besides the harmful consequences that an unauthorized
third party can bring to EV customers (by manipulating
their charging operations), this can also in turn bring
severe threats to the stability and safety of the smart
grid. There have been Internet-based load-altering attacks
which overload the power grid by causing synchronous
charging or discharging of PEVs [125]–[128].
VII. CONCLUSION
This survey has reviewed research works focusing on the
smart interactions among the smart grid, aggregators and EVs
from an algorithmic perspective. Research works investigated
are categorized according to their different standpoints, e.g.,
smart grid oriented EV smart charging, aggregator oriented EV
smart charging and customer oriented EV smart charging. For
smart grid oriented EV smart charging, we have investigated
the load flattening problems (approximately equivalent prob-
lems of minimizing power losses and increasing load factor)
solved via optimization-based approaches, which has been
broadly adopted. In term of aggregator oriented EV smart
charging, both direct control approach and indirect control
approach have been addressed to maximize the overall satis-
faction of all present EV customers. As for customer oriented
EV smart charging, we have studied stochastic optimization
approaches to design the optimal schedule for minimizing
individual EV customers’ charging cost.
We have further pointed out several potential research
directions based on the crucial and unique properties of
both EV rechargeable batteries and communication networks.
Researches on these topics can help accelerate the realization
of the smart interaction between EVs and the smart grid.
REFERENCES
[1] C. Chan, “The state of the art of electric, hybrid, and fuel cell vehicles,”
Proc. IEEE, vol. 95, no. 4, pp. 704–718, Apr. 2007.
[2] A. Emadi, Y. J. Lee, and K. Rajashekara, “Power electronics and motor
drives in electric, hybrid electric, and plug-in hybrid electric vehicles,”
IEEE Trans. Ind. Electron, vol. 55, no. 6, pp. 2237–2245, June 2008.
[3] N. Tanaka et al., “Technology roadmap: Electric and plug-
in hybrid electric vehicles,” Int. Energy Agency, Paris, France,
Tech. Rep. 2011. [Online]. Available: http:www.iea.org/publications/
freepublications/publication/EV PHEV \Roadmap.pdf
[4] Electric Drive Transportation Association, “Electric Drive Sales Dash-
board,” http://electricdrive.org/index.php?ht=d/sp/i/20952/pid/20952,
2015, [Online; accessed 11-Aug-2015].
[5] M. Yilmaz and P. Krein, “Review of battery charger topologies,
charging power levels, and infrastructure for plug-in electric and hybrid
vehicles,” IEEE Trans. Power Electron, vol. 28, no. 5, pp. 2151–2169,
May. 2013.
[6] O. Ardakanian, C. Rosenberg, and S. Keshav, “Distributed control of
electric vehicle charging,” in Proceedings of the Fourth International
Conference on Future Energy Systems, New York, USA, 2013, pp.
101–112.
[7] X. Fang, S. Misra, G. Xue, and D. Yang, “Smart grid-the new and
improved power grid: A survey,” IEEE Commun. Surveys & Tutorials,
vol. 14, no. 4, pp. 944–980, 2012.
[8] R. C. Green II, L. Wang, and M. Alam, “The impact of plug-in hybrid
electric vehicles on distribution networks: A review and outlook,”
Renewable and Sustainable Energy Reviews, vol. 15, no. 1, pp. 544–
553, Jan. 2011.
[9] W. Su, H. Eichi, W. Zeng, and M.-Y. Chow, “A survey on the
electrification of transportation in a smart grid environment,” IEEE
Trans. Ind. Informat, vol. 8, no. 1, pp. 1–10, Feb. 2012.
[10] D. B. Richardson, “Electric vehicles and the electric grid: A review
of modeling approaches, impacts, and renewable energy integration,”
Renewable and Sustainable Energy Reviews, vol. 19, pp. 247–254, Mar.
2013.
[11] F. Mwasilu, J. J. Justo, E.-K. Kim, T. D. Do, and J.-W. Jung, “Electric
vehicles and smart grid interaction: A review on vehicle to grid and
renewable energy sources integration,” Renewable and Sustainable
Energy Reviews, vol. 34, pp. 501–516, June 2014.
[12] J. Larminie and J. Lowry, Electric vehicle technology explained, 2nd ed.
West Sussex, England: John Wiley & Sons Ltd, 2003.
[13] D. Tuttle and R. Baldick, “The evolution of plug-in electric vehicle-
grid interactions,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 500–505,
Mar. 2012.
[14] A. McCrone, “Electric vehicle battery prices down 14% year
on year,” https://www.newenergyfinance.com/PressReleases/view/210,
2012, [Online; accessed 11-Aug-2015].
[15] T. Markel, “Plug-in electric vehicle infrastructure: A foundation for
electrified transportation,” MIT Energy Initiative Transp. Electrif.
Symp., Cambridge, MA, 2010.
[16] L. Dickerman and J. Harrison, “A new car, a new grid,” IEEE Power
Energy Mag., vol. 8, no. 2, pp. 55–61, Mar. 2010.
[17] T.-K. Lee, Z. Bareket, T. Gordon, and Z. Filipi, “Stochastic modeling
for studies of real-world phev usage: Driving schedule and daily
temporal distributions,” IEEE Trans. Veh. Technol., vol. 61, no. 4, pp.
1493–1502, May 2012.
[18] S. Vagropoulos and A. Bakirtzis, “Optimal bidding strategy for electric
vehicle aggregators in electricity markets,” IEEE Trans. Power Syst,
vol. 28, no. 4, pp. 4031–4041, Nov. 2013.
[19] R. Carlson, H. Lohse-Busch, M. Duoba, and N. Shidore, “Drive cycle
fuel consumption variability of plug-in hybrid electric vehicles due to
aggressive driving,” SAE World Congr. Exh., Detroit, MI., SAE Tech.
Paper 2009-01-1335, 2009.
[20] M. Duoba, R. Carlson, and D. Bocci, “Calculating results and perfor-
mance parameters for phevs,” SAE World Congr. Exh., Detroit, MI.,
SAE Tech. Paper 2009-01-1328, 2009.
16
[21] E. Tara, S. Shahidinejad, S. Filizadeh, and E. Bibeau, “Battery storage
sizing in a retrofitted plug-in hybrid electric vehicle,” IEEE Trans. Veh.
Technol., vol. 59, no. 6, pp. 2786–2794, July 2010.
[22] B. Adornato, R. Patil, Z. Filipi, Z. Baraket, and T. Gordon, “Charac-
terizing naturalistic driving patterns for plug-in hybrid electric vehicle
analysis,” in IEEE Vehicle Power and Propulsion Conference (VPPC),
Sept. 2009, pp. 655–660.
[23] T.-K. Lee and Z. Filipi, “Synthesis and validation of representative
real-world driving cycles for plug-in hybrid vehicles,” in IEEE Vehicle
Power and Propulsion Conference (VPPC), Sept. 2010, pp. 1–6.
[24] H. Akhavan-Hejazi, H. Mohsenian-Rad, and A. Nejat, “Developing a
test data set for electric vehicle applications in smart grid research,” in
IEEE Vehicular Technology Conference (VTC), Sept. 2014, pp. 1–6.
[25] L. Gan, U. Topcu, and S. Low, “Optimal decentralized protocol for
electric vehicle charging,” in IEEE Conf. Decision and Control and
European Control Conference (CDC-ECC), Dec. 2011, pp. 5798–5804.
[26] ——, “Stochastic distributed protocol for electric vehicle charging with
discrete charging rate,” in IEEE Power and Energy Society General
Meeting (PES), July 2012, pp. 1–8.
[27] Z. Ma, D. Callaway, and I. Hiskens, “Decentralized charging control
for large populations of plug-in electric vehicles,” in IEEE Conference
on Decision and Control (CDC), Dec. 2010, pp. 206–212.
[28] C. Ahn, C.-T. Li, and H. Peng, “Optimal decentralized charging control
algorithm for electrified vehicles connected to smart grid,” Journal of
Power Sources, vol. 196, no. 23, pp. 10 369–10 379, Dec. 2011.
[29] Y. He, B. Venkatesh, and L. Guan, “Optimal scheduling for charging
and discharging of electric vehicles,” IEEE Trans. Smart Grid, vol. 3,
no. 3, pp. 1095–1105, Sept. 2012.
[30] O. Ardakanian, C. Rosenberg, and S. Keshav, “RealTime distributed
congestion control for electrical vehicle charging,” SIGMETRICS Per-
form. Eval. Rev., vol. 40, no. 3, pp. 38–42, Jan. 2012.
[31] O. Ardakanian, S. Keshav, and C. Rosenberg, “Real-time distributed
control for smart electric vehicle chargers: From a static to a dynamic
study,” IEEE Trans. Smart Grid, vol. 5, no. 5, pp. 2295–2305, Sept.
2014.
[32] N. Asr and M.-Y. Chow, “Network coordinated distributed demand
management for optimal large-scale charging of PHEVs/PEVs,” in
IEEE Power and Energy Society General Meeting (PES), July 2013,
pp. 1–5.
[33] N. Rahbari-Asr, M.-Y. Chow, Z. Yang, and J. Chen, “Network coopera-
tive distributed pricing control system for large-scale optimal charging
of PHEVs/PEVs,” in 39th Annual Conference of the IEEE Industrial
Electronics Society (IECON), Nov. 2013, pp. 6148–6153.
[34] N. Rahbari-Asr and M.-Y. Chow, “Cooperative distributed demand
management for community charging of PHEV/PEVs based on KKT
conditions and consensus networks,” IEEE Trans. Ind. Informat,
vol. 10, no. 3, pp. 1907–1916, Aug. 2014.
[35] A. Millner, “Modeling lithium ion battery degradation in electric
vehicles,” in Innovative Technologies for an Efficient and Reliable
Electricity Supply (CITRES), 2010 IEEE Conference on, Sept. 2010,
pp. 349–356.
[36] L. Serrao, S. Onori, A. Sciarretta, Y. Guezennec, and G. Rizzoni,
“Optimal energy management of hybrid electric vehicles including
battery aging,” in American Control Conference (ACC), 2011, June
2011, pp. 2125–2130.
[37] A. Paryani, C. H. Kishiyama, S. I. Kohn, and V. H. Mehta, “Fast
charging of battery using adjustable voltage control,” June 2014, US
Patent 8,754,614.
[38] T. M. Sweda, I. S. Dolinskaya, and D. Klabjan, “Adaptive routing
and recharging policies for electric vehicles,” Northwestern University,
Tech. Rep. 14-02, 2014.
[39] C. Guenther, B. Schott, W. Hennings, P. Waldowski, and M. A. Danzer,
“Model-based investigation of electric vehicle battery aging by means
of??vehicle-to-grid scenario simulations,” Journal of Power Sources,
vol. 239, pp. 604 – 610, 2013.
[40] M. Dubarry, C. Truchot, and B. Y. Liaw, “Synthesize battery degrada-
tion modes via a diagnostic and prognostic model,” Journal of Power
Sources, vol. 219, pp. 204 – 216, 2012.
[41] L. Serrao, S. Onori, A. Sciarretta, Y. Guezennec, and G. Rizzoni,
“Optimal energy management of hybrid electric vehicles including
battery aging,” in American Control Conference (ACC), June 2011,
pp. 2125–2130.
[42] B. Lunz, H. Walz, and D. Sauer, “Optimizing vehicle-to-grid charging
strategies using genetic algorithms under the consideration of battery
aging,” in IEEE Vehicle Power and Propulsion Conference (VPPC),
Sept. 2011, pp. 1–7.
[43] H. Wenzl, I. Baring-Gould, R. Kaiser, B. Y. Liaw, P. Lundsager,
J. Manwell, A. Ruddell, and V. Svoboda, “Life prediction of batteries
for selecting the technically most suitable and cost effective battery,”
Journal of Power Sources, vol. 144, no. 2, pp. 373 – 384, 2005, se-
lected papers from the Ninth European Lead Battery ConferenceNinth
European Lead Battery Conference.
[44] P. Rong and M. Pedram, “An analytical model for predicting the
remaining battery capacity of lithium-ion batteries,” IEEE Trans. Very
Large Scale Integr. (VLSI) Syst, vol. 14, no. 5, pp. 441–451, May 2006.
[45] K. Smith, C. Rahn, and C.-Y. Wang, “Model-based electrochemical
estimation and constraint management for pulse operation of lithium
ion batteries,” IEEE Trans. Control Syst. Technol., vol. 18, no. 3, pp.
654–663, May 2010.
[46] X. Han, M. Ouyang, L. Lu, J. Li, Y. Zheng, and Z. Li, “A comparative
study of commercial lithium ion battery cycle life in electrical vehicle:
Aging mechanism identification,” Journal of Power Sources, vol. 251,
pp. 38 – 54, 2014.
[47] A. Schuller, “Electric vehicle charging coordination-economics of re-
newable energy integration,” Ph.D. dissertation, Institute of Information
Systems and Marketing (IISM), Karlsruher Institut fur Technologie
(KIT), Germany, 2013.
[48] T. Li and M. Shahidehpour, “Price-based unit commitment: a case of
lagrangian relaxation versus mixed integer programming,” IEEE Trans.
Power Syst., vol. 20, no. 4, pp. 2015–2025, 2005.
[49] W. Kempton and J. Tomic´, “Vehicle-to-grid power fundamentals:
Calculating capacity and net revenue,” Journal of power sources, vol.
144, no. 1, pp. 268–279, 2005.
[50] E. Celebi and J. Fuller, “A model for efficient consumer pricing
schemes in electricity markets,” IEEE Trans. Power Syst., vol. 22, no. 1,
pp. 60–67, Feb. 2007.
[51] ——, “Time-of-use pricing in electricity markets under different market
structures,” IEEE Trans. Power Syst., vol. 27, no. 3, pp. 1170–1181,
Aug. 2012.
[52] H. Allcott, “Real time pricing and electricity markets,” Harvard Uni-
versity, 2009.
[53] PG&E, “Time of Use Plan,” http://www.pge.com/en/myhome/
\saveenergymoney/plans/tou/index.page, 2015, [Online; accessed
11-Aug-2015].
[54] Hydro One, “Time of Use (TOU),” http://www.hydroone.com/\TOU/
Pages/Default.aspx, 2015, [Online; accessed 11-Aug-2015].
[55] ComEd, “Know Your Rate Options,” https://www.comed.com/
\technology/electric-vehicles/Pages/rate-options.aspx, 2015, [Online;
accessed 11-Aug-2015].
[56] R. Bessa, M. Matos, F. Soares, and J. Lopes, “Optimized bidding of
a ev aggregation agent in the electricity market,” IEEE Trans. Smart
Grid, vol. 3, no. 1, pp. 443–452, Mar. 2012.
[57] P. H. Andersen, J. A. Mathews, and M. Rask, “Integrating private trans-
port into renewable energy policy: The strategy of creating intelligent
recharging grids for electric vehicles,” Energy Policy, vol. 37, no. 7,
pp. 2481 – 2486, 2009.
[58] J. Pillai and B. Bak-Jensen, “Integration of vehicle-to-grid in the
western danish power system,” IEEE Trans. Sustain. Energy, vol. 2,
no. 1, pp. 12–19, Jan. 2011.
[59] R. J. Bessa and M. A. Matos, “Economic and technical management of
an aggregation agent for electric vehicles: a literature survey,” European
Transactions on Electrical Power, vol. 22, no. 3, pp. 334–350, 2012.
[60] A. N. Brooks, Vehicle-to-grid demonstration project: Grid regulation
ancillary service with a battery electric vehicle. Sacramento, CA: AC
Propulsion, Inc., 2002.
[61] W. Kempton, V. Udo, K. Huber, K. Komara, S. Letendre, S. Baker,
D. Brunner, and N. Pearre, “A test of vehicle-to-grid (v2g) for energy
storage and frequency regulation in the pjm system,” Results from an
Industry-University Research Partnership, vol. 32, 2008.
[62] AC Propulsion, “Vehicle to Grid Power,” https://www.acpropulsion\
.com/products-v2g.html, 2015, [Online; accessed 11-Aug-2015].
[63] Natiaonal Renewable Energy Laboratory, “Vehicle to Grid Project,”
http://www.nrel.gov/electricity/distribution/projects vehicle grid.html,
2012, [Online; accessed 11-Aug-2015].
[64] University of Delaware, “The Grid-Integrated Vehicle with Vehicle
to Grid Technology,” http://www.udel.edu/V2G/IndustrialPartnerships\
.html, 2015, [Online; accessed 11-Aug-2015].
[65] M. Kisacikoglu, B. Ozpineci, and L. Tolbert, “Examination of a phev
bidirectional charger system for v2g reactive power compensation,” in
IEEE Applied Power Electronics Conference and Exposition (APEC),
Feb. 2010, pp. 458–465.
17
[66] J. Tomi?? and W. Kempton, “Using fleets of electric-drive vehicles for
grid support,” Journal of Power Sources, vol. 168, no. 2, pp. 459 –
468, 2007.
[67] G. R. Parsons, M. K. Hidrue, W. Kempton, and M. P. Gardner,
“Willingness to pay for vehicle-to-grid (v2g) electric vehicles and their
contract terms,” Energy Economics, vol. 42, pp. 313 – 324, 2014.
[68] J. Du, S. Ma, Y.-C. Wu, and H. Poor, “Distributed hybrid power state
estimation under pmu sampling phase errors,” IEEE Trans. on Signal
Proces., vol. 62, no. 16, pp. 4052–4063, Aug. 2014.
[69] K. Lee, J. Lee, Y. Yi, I. Rhee, and S. Chong, “Mobile data offloading:
How much can WiFi deliver?” in Proceedings of the 6th International
COnference, ser. Co-NEXT ’10, New York, USA, pp. 26:1–26:12.
[70] J. C. Herrera, D. B. Work, R. Herring, X. J. Ban, Q. Jacobson, and
A. M. Bayen, “Evaluation of traffic data obtained via GPS-enabled
mobile phones: The mobile century field experiment,” Transportation
Research Part C: Emerging Technologies, vol. 18, no. 4, pp. 568–583,
Aug. 2010.
[71] M. Wang, H. Liang, R. Zhang, R. Deng, and X. Shen, “Mobility-aware
coordinated charging for electric vehicles in VANET-enhanced smart
grid,” IEEE J. Sel. Areas Commun., vol. 32, no. 7, pp. 1344–1360, July
2014.
[72] H. T. Cheng, H. Shan, and W. Zhuang, “Infotainment and road
safety service support in vehicular networking: From a communication
perspective,” Mechanical Systems and Signal Processing, vol. 25, no. 6,
pp. 2020–2038, Aug. 2011.
[73] J. Kenney, “Dedicated short-range communications (DSRC) standards
in the united states,” Proc. IEEE, vol. 99, no. 7, July 2011.
[74] P. Yi, A. Iwayemi, and C. Zhou, “Developing zigbee deployment
guideline under wifi interference for smart grid applications,” IEEE
Trans. Smart Grid, vol. 2, no. 1, pp. 110–120, Mar. 2011.
[75] V. Gungor, D. Sahin, T. Kocak, S. Ergut, C. Buccella, C. Cecati, and
G. Hancke, “Smart grid technologies: Communication technologies and
standards,” IEEE Trans. Ind. Informat., vol. 7, no. 4, pp. 529–539, Nov.
2011.
[76] A. Ghassemi, S. Bavarian, and L. Lampe, “Cognitive radio for smart
grid communications,” in IEEE Conf. Smart Grid Communications
(SmartGridComm), Oct. 2010, pp. 297–302.
[77] R. Yu, Y. Zhang, S. Gjessing, C. Yuen, S. Xie, and M. Guizani,
“Cognitive radio based hierarchical communications infrastructure for
smart grid,” IEEE Netw., vol. 25, no. 5, pp. 6–14, Sept. 2011.
[78] R. Ranganathan, R. Qiu, Z. Hu, S. Hou, M. Pazos-Revilla, G. Zheng,
Z. Chen, and N. Guo, “Cognitive radio for smart grid: Theory,
algorithms, and security,” Int. J. Digital Multimedia Broadcasting, vol.
2011, pp. 502 087:1–502 087:14, 2011.
[79] N. Kayastha, D. Niyato, E. Hossain, and Z. Han, “Smart grid sensor
data collection, communication, and networking: a tutorial,” Wireless
Communications and Mobile Computing, vol. 14, no. 11, pp. 1055–
1087, 2014.
[80] E. Ancillotti, R. Bruno, and M. Conti, “The role of communication
systems in smart grids: Architectures, technical solutions and research
challenges,” Computer Communications, vol. 36, no. 17a18, pp. 1665
– 1697, 2013.
[81] I. S. Bayram and I. Papapanagiotou, “A survey on communication tech-
nologies and requirements for internet of electric vehicles,” EURASIP
Journal on Wireless Communications and Networking, vol. 2014, no. 1,
pp. 1–18, 2014.
[82] S. Amini, H. Mohsenian-Rad, and F. Pasqualetti, “Dynamic load
altering attacks in smart grid,” in Innovative Smart Grid Technologies
Conference (ISGT), 2015 IEEE Power Energy Society, Feb. 2015, pp.
1–5.
[83] S. Mishra, X. Li, A. Kuhnle, M. Thai, and J. Seo, “Rate alteration
attacks in smart grid,” in Proc. IEEE INFOCOM, Apr. 2015, pp. 2353–
2361.
[84] J. Taylor, A. Maitra, M. Alexander, D. Brooks, and M. Duvall,
“Evaluations of plug-in electric vehicle distribution system impacts,”
in IEEE Power and Energy Society General Meeting (PES), July 2010,
pp. 1–6.
[85] C. Roe, A. Meliopoulos, J. Meisel, and T. Overbye, “Power system
level impacts of plug-in hybrid electric vehicles using simulation data,”
in IEEE Energy 2030 Conference, Nov. 2008, pp. 1–6.
[86] C. Farmer, P. Hines, J. Dowds, and S. Blumsack, “Modeling the impact
of increasing phev loads on the distribution infrastructure,” in System
Sciences (HICSS), 2010 43rd Hawaii International Conference on, Jan.
2010, pp. 1–10.
[87] G. Grimmett and D. Stirzaker, Probability and random processes,
3rd ed. London, U.K.: Oxford Univ. Press, 2001.
[88] K. Clement-Nyns, E. Haesen, and J. Driesen, “The impact of charging
plug-in hybrid electric vehicles on a residential distribution grid,” IEEE
Trans. Power Syst, vol. 25, no. 1, pp. 371–380, Feb. 2010.
[89] J. Lopes, F. Soares, and P. Almeida, “Integration of electric vehicles in
the electric power system,” Proc. IEEE, vol. 99, no. 1, pp. 168–183,
Jan. 2011.
[90] E. Sortomme, M. Hindi, S. MacPherson, and S. Venkata, “Coordinated
charging of plug-in hybrid electric vehicles to minimize distribution
system losses,” IEEE Trans. Smart Grid, vol. 2, no. 1, pp. 198–205,
Mar. 2011.
[91] K. Mets, T. Verschueren, W. Haerick, C. Develder, and F. De Turck,
“Optimizing smart energy control strategies for plug-in hybrid electric
vehicle charging,” in IEEE/IFIP Network Operations and Management
Symposium Workshops (NOMS Wksps), Apr. 2010, pp. 293–299.
[92] Q. Li, T. Cui, R. Negi, F. Franchetti, and M. D. Ilic, “On-line
decentralized charging of plug-in electric vehicles in power systems,”
arXiv:1106.5063 [cs, math], June 2011.
[93] L. Gan, A. Wierman, U. Topcu, N. Chen, and S. H. Low, “Real-
time deferrable load control: Handling the uncertainties of renewable
generation,” in Proceedings of the Fourth International Conference on
Future Energy Systems, ser. e-Energy ’13, New York, USA, 2013, pp.
113–124.
[94] G. M. Masters, Renewable and Efficient Electric Power Systems. New
York: Wiley, Jun. 2013.
[95] O. Sundstroem and C. Binding, “Flexible charging optimization for
electric vehicles considering distribution grid constraints,” in IEEE
Power and Energy Society General Meeting (PES), July 2012, pp. 1–1.
[96] S. Han, S. Han, and K. Sezaki, “Development of an optimal vehicle-
to-grid aggregator for frequency regulation,” IEEE Trans. Smart Grid,
vol. 1, no. 1, pp. 65–72, June 2010.
[97] W. Kempton and J. Tomi??, “Vehicle-to-grid power implementation:
From stabilizing the grid to supporting large-scale renewable energy,”
J. Power Sources, vol. 144, no. 1, pp. 280 – 294, 2005.
[98] S. Han, S. Han, and K. Sezaki, “Estimation of achievable power
capacity from plug-in electric vehicles for v2g frequency regulation:
Case studies for market participation,” IEEE Trans. Smart Grid, vol. 2,
no. 4, pp. 632–641, Dec. 2011.
[99] C. Wu, H. Mohsenian-Rad, J. Huang, and J. Jatskevich, “Pev-based
combined frequency and voltage regulation for smart grid,” in IEEE
Innovative Smart Grid Technologies (ISGT), Jan. 2012, pp. 1–6.
[100] C. Wu, H. Mohsenian-Rad, and J. Huang, “Vehicle-to-aggregator
interaction game,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 434–
442, Mar. 2012.
[101] H. Yang, C. Chung, and J. Zhao, “Application of plug-in electric
vehicles to frequency regulation based on distributed signal acquisition
via limited communication,” IEEE Trans. Power Syst., vol. 28, no. 2,
pp. 1017–1026, May 2013.
[102] M. Baran and F. Wu, “Optimal sizing of capacitors placed on a radial
distribution system,” IEEE Trans. Power Del., vol. 4, no. 1, pp. 735–
743, Jan. 1989.
[103] S. Wirasingha, N. Schofield, and A. Emadi, “Plug-in hybrid electric
vehicle developments in the us: Trends, barriers, and economic fea-
sibility,” in IEEE Vehicle Power and Propulsion Conference (VPPC),
Sept. 2008, pp. 1–8.
[104] C. Wu, H. Mohsenian-Rad, and J. Huang, “Pev-based reactive power
compensation for wind dg units: A stackelberg game approach,” in
IEEE Conf. Smart Grid Communications (SmartGridComm), Nov.
2012, pp. 504–509.
[105] Y. Mitsukuri, R. Hara, H. Kita, E. Kamiya, N. Hiraiwa, and E. Kogure,
“Voltage regulation in distribution system utilizing electric vehicles
and communication,” in IEEE PES Transmission and Distribution
Conference and Exposition (T&D), May 2012, pp. 1–6.
[106] C. Wu, H. Akhavan-Hejazi, H. Mohsenian-Rad, and J. Huang, “Pev-
based p-q control in line distribution networks with high requirement
for reactive power compensation,” in IEEE PES Innovative Smart Grid
Technologies Conference (ISGT), Feb. 2014, pp. 1–5.
[107] S. H. Low and D. E. Lapsley, “Optimization flow control&mdash;i:
Basic algorithm and convergence,” IEEE/ACM Trans. Netw., vol. 7,
no. 6, pp. 861–874, Dec. 1999.
[108] S. Chen, Y. Ji, and L. Tong, “Large scale charging of electric vehicles,”
in IEEE. Power and Energy Society General Meeting (PES), July 2012,
pp. 1–9.
[109] ——, “Deadline scheduling for large scale charging of electric vehicles
with renewable energy,” in IEEE Sensor Array and Multichannel Signal
Processing Workshop (SAM), June 2012, pp. 13–16.
[110] S. Chen and L. Tong, “iEMS for large scale charging of electric
vehicles: Architecture and optimal online scheduling,” in IEEE Conf.
18
Smart Grid Communications (SmartGridComm), Nov. 2012, pp. 629–
634.
[111] A. Subramanian, M. Garcia, A. Dominguez-Garcia, D. Callaway,
K. Poolla, and P. Varaiya, “Real-time scheduling of deferrable electric
loads,” in American Control Conference (ACC), 2012, June 2012, pp.
3643–3650.
[112] S. Chen, T. Mount, and L. Tong, “Optimizing operations for large
scale charging of electric vehicles,” in 2013 46th Hawaii International
Conference on System Sciences (HICSS), Jan. 2013, pp. 2319–2326.
[113] W. Tushar, W. Saad, H. Poor, and D. Smith, “Economics of electric
vehicle charging: A game theoretic approach,” IEEE Trans. Smart Grid,
vol. 3, no. 4, pp. 1767–1778, Dec. 2012.
[114] W. Tushar, J. Zhang, D. Smith, H. Poor, and S. Thiebaux, “Prioritizing
consumers in smart grid: A game theoretic approach,” IEEE Trans.
Smart Grid, vol. 5, no. 3, pp. 1429–1438, May 2014.
[115] E. Sortomme and M. El-Sharkawi, “Optimal combined bidding of
vehicle-to-grid ancillary services,” IEEE Trans. Smart Grid, vol. 3,
no. 1, pp. 70–79, Mar. 2012.
[116] C. Liu, K. Chau, D. Wu, and S. Gao, “Opportunities and challenges of
vehicle-to-home, vehicle-to-vehicle, and vehicle-to-grid technologies,”
Proc. IEEE, vol. 101, no. 11, pp. 2409–2427, Nov. 2013.
[117] A. Al-Awami and E. Sortomme, “Coordinating vehicle-to-grid services
with energy trading,” IEEE Trans. Smart Grid, vol. 3, no. 1, pp. 453–
462, Mar. 2012.
[118] R. T. Rockafellar and S. Uryasev, “Optimization of conditional value-
at-risk,” Journal of risk, vol. 2, pp. 21–42, 2000.
[119] E. B. Iversen, J. M. Morales, and H. Madsen, “Optimal charging of
an electric vehicle using a markov decision process,” Applied Energy,
vol. 123, pp. 1–12, June 2014.
[120] N. Rotering and M. Ilic, “Optimal charge control of plug-in hybrid
electric vehicles in deregulated electricity markets,” IEEE Trans. Power
Syst, vol. 26, no. 3, pp. 1021–1029, Aug. 2011.
[121] J. Donadee and M. Ilic, “Stochastic optimization of grid to vehicle
frequency regulation capacity bids,” IEEE Trans. Smart Grid, vol. 5,
no. 2, pp. 1061–1069, Mar. 2014.
[122] W. Shi and V. Wong, “Real-time vehicle-to-grid control algorithm
under price uncertainty,” in IEEE Conf. Smart Grid Communications
(SmartGridComm), Oct. 2011, pp. 261–266.
[123] H. Mohsenian-Rad and M. Ghamkhari, “Optimal charging of electric
vehicles with uncertain departure times: A closed-form solution,” IEEE
Trans. Smart Grid, vol. 6, no. 2, pp. 940–942, 2015.
[124] U.S. Department of Energy, “Communications requirements of smart
grid technologies,” http://energy.gov/sites/prod/files/gcprod/documents/
\Smart Grid Communications Requirements Report 10-05-2010.
pdf, 2010, [Online; accessed 11-Aug-2015].
[125] A.-H. Mohsenian-Rad and A. Leon-Garcia, “Distributed internet-based
load altering attacks against smart power grids,” IEEE Trans. Smart
Grid, vol. 2, no. 4, pp. 667–674, Dec. 2011.
[126] X. Li, X. Liang, R. Lu, X. Shen, X. Lin, and H. Zhu, “Securing smart
grid: cyber attacks, countermeasures, and challenges,” IEEE Commun.
Mag., vol. 50, no. 8, pp. 38–45, Aug. 2012.
[127] F. Pasqualetti, F. Dorfler, and F. Bullo, “Attack detection and identifica-
tion in cyber-physical systems,” IEEE Trans. Autom. Control, vol. 58,
no. 11, pp. 2715–2729, Nov. 2013.
[128] E. Hossain, Z. Han, and H. V. Poor, Smart grid communications and
networking. Cambridge University Press, 2012.
